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Background: Since 2001, researchers have examined the human genome (G) mainly to discover
causes of disease, despite evidence that G explains relatively little risk. We posit that unexplained
disease risks are caused by the exposome (E; representing all exposures) and G x E interactions.
Thusetiologic research has been hampered by scientists’ continuing reliance on low-tech methods
to characterize E compared with high-tech omics for charactrizing G.

oBject ives: ‘Because exposures are inherently chemical in nature and arise from both endogenous
and exogenous sources, blood specimens can be used to characterize exposomes. To explore
the “blood exposome” and its connection to disease, we sought -human blood concentrations
of many chemicals, along with their sources, evidence of chronic-disease risks, and numbers of
metabolic pathways.

Methods: From the literature we obtained human blood concentrations of 1,561 small molecules
and metals derived from foods, drugs, pollutants, and endogenous processes. We mapped chemical
similarities after weighting by biood concentrations, disease-risk citations, and numbers of human
metabolic pathways.

resul ts: Blood concentrations spanned 11 orders of magnitude and were indistinguishable for
endogenous and food chemicals and drugs, whereas those of poliutants were 1,000 times lower.
Chemical similarities mapped by disease risks were equally distributed by source categories, but those
mapped by metabolic pathways were dominated by endogenous molecules and essential nutrients.
conclusions: Forstudies of disease etiology; the complexity of human exposures motivates charac-
terization of the blood exposome,: which ‘includes ali-biologically active chemicals. Because most
small molecules in blood are not human metabolites, investigations of causal pathways should

expand beyond the endogenous metabolome.

citation: Rappaport SM, Barupal DK, Wishart D, Vineis P, Scalbert A. 2014. Thblood

org/10.1289/ehp. 1308015

Introduction

Worldwide mortality is dominated by non-
communicable diseeses, particularly cardio-
vascular disease (29%), cancer (15%), and
respiratory diseeses (7%) (Lazano et al. 2012).
Thesehronic diseases result from the com -
bined effectsof the human genome (G) and

exposome (E; representing all exposures).
(Although geneticists use the term “environ-
ment” to denote nongenetic factors, many
scientists and the general public equate
“environment” with “pollution,” which
represents only one class of exposures. We
use the term “exposome” to encompess all
exogenous and endogenous exposures.) But
attribution of risks to G and E and their
interaction (G x E) has been problematic
because of disparities in characterizing genes
and exposures (Rappaport and Smith 2010;
Wild 2005). In fact, sequencing the human
genome in 2001 permitted researchers to
comprehensively explore G and its progeny
(ie., genome — transcriptome — proteome
— metabolome) but did not promote detailed
characterization of E, which in epidemiologi-
cal and clinical ressarch still relies on question-
naires, geographical information, and targeted
surveys (Ezzati and Riboli 2013; Limet al.
2012). In addition, the study of external and

internal exposures (including endogenous
chemicals) hes focused on a limited number
of molecules and metals that cannot com-
pare with the resolution of genome-wide
association studies (GWAS).

Interestingly, the variation in chronic-
disease incidence explained by scores of
GWAS has been so small that searches
are under way for “missing heritability”
(Goldstein 2009; Manalio et al. 2009) and
“genetic dark matter” (Galvan et al. 2010;
Martin and Chang 2012; Methem and Devlin
2010). Even assuming that a host of rare
alleles account for some unexplained pheno-
typic variation (Kraft and Hunter 2009), it
is ressonable to posit that Eand G x E are
the primary causes of chronic diseases, as
suggested by studies of families and twins
(Hemminki et al. 2006; Lichtenstein et al.
2000), epigenetics (Gluckman et al. 2008,
2010; Smith and Meissner 2013), and gene-
expression profilesthat change with lifestyles
and infections (Chen et al. 2012; Preininger
et al. 2013). In fact, as shown in Figure 1,
about half of the 50 million global deaths in
2010 were attributed to a small set of expo-
sures, dominated by particulate air pollu-
tion (combined effects of ambient particles
and household smoke), smoking (active and
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passive), and diet (Lim et al. 2012). This
conundrum—uwhere scientists use high-tech
omics to detect small effects of G but rely
upon low-tech methods to study potentially
large effectsof E and G x E—hes produced a
very uneven record of etiologic ressarch.
Ore way to level the playing fieldwould

be to explore health impactsof Eand G x E
with exposome-wide association studies
(EWAS) (Rappaport 2012) that obtain com-
prehensive, quantitative measurements of
chemicals in human biospecimens (Holmes
et al. 2008; Ritchie et al. 2010; Wang Z
et al. 2011). This approach recognizes that
meaningful exposures are mediated in the
internal chemical environment (Rappaport
and Smith 2010) by endogenous signal-
ing molecules, exogenous chemicals, and
reactive electrophiles (E-factors) that com-
municate with cells, tissues, and organs via
mutations, posttransiational modifications,
enzymes, transcription factors, and recep-
tors (G-factors) (Brodsky and Medzhitov
2009; Liebler 2008; Menon and Manning
2013). Because blood transports chemicals
to and from tissues and represents a reservoir
of all endogenous and exogenous chemicals
in the body at a given time (Nicholson et al.
2012b), the biood exposome offers a parsi-
monious but essentially unexplored means for
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interrogating biologically relevant exposures
(Rappeport 2012).

Methods

Sources of data. To investigate the portion
of the blood exposome represented by
small molecules and metals, we obtained
blood concentrations of 1,561 chemicals
from samples of healthy human popula-
tions compiled by the Human Metabolome
Database (HMDB; http://www.hmdb.
ca) (Wishart et al. 2013) (1,451 chemicals)
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and the U.S. National Health and Nutrition
Examination Survey (NHANES) [Centers
for Disease Control and Prevention (CDC)
2009, 2012, 2013] (110 chemicals). Each
molecule or metal wes assigned one of the
following four source categories: a) endog-
enous chemical (from intrinsic human
metabolism; n = 1,223), b) food chemical
(n = 195), ¢) pollutant (n = 94), or d) drug
(n = 49). (The process for selecting chemi-
cals is described in Supplemental Material,
pp. 2-4.) To link individual chemicals with

Occupational chemicals

Figure 1. Risk factors for exposures that contribute to chronic-disease mortality. The chart was compiled from
World Health Organization estimates of exposures affecting 50 million global deaths in 2010 (Lim et al. 2012).
(Because some risk factors may be correlated, the indicated percentages are approximate.)
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Figure 2. Small molecules and metals in human blood. Each curve represents the cumulative distribution of
chemical concentrations from a particular source category (pollutants, n=94; drugs, n=49; food chemicals,
n =195, endogenous chemicals, n=1,223). Abbreviations: BDE 100, 2,2' 4 4' 6-pentabromodiphenyl ether;
DDE, 1,1-bis-(4-chlorophenyl)-2 2-dichloroethene; OCDD, 1,2,3/4,6,7,89-octachlorooxanthrene; PCB 170,

22 33 44 5-heptachloro-1,1-biphenyl.
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chronic-diseese risks and systems biology, we
retrieved additional data from the National
Center for Biotechnology Information date-
bases PubMed (http://www.ncbi.nlm.nih.
gov/pubmed; citations on chronic-diseese risk
factors) and Biosystems (http://www.ncbi.
nim.nih.gov/biosystems/; data on human
metabolic pathways). Although modest in
size, these samples allowed us to explore the
range of human blood concentrations, to test
for differencesin median levels across source
categories and to map chemical similari-
ties after weighting by blood concentration,
disease-risk citations, and human meta-
bolic pathways. Relevant data are given in
Supplermental Material, Table S1.

HMDB entries were from metabolic
studies in mostly Western populations, and
included endogenous and food chemicals,
drugs, and pollutants; NHANES included
only nutrientsand pollutantsin U.S. popule-
tions. When a given chemical wes present in
both of these databeses, we used NHANES
concentrations. [f the same chemical had
been reported in more than onestudy or year,
we used the geometric mean concentration.
Numbers of individual subjects varied across
chemicals. Drug concentrationswere reported
in clinical trials at therapeutic doses.

We used Chemical Abstract Service (CAS)
registry number(s) as the query parameter to
search PubMed along with medical subject
headings (MeSH) annotations to retrieve the
citations describing epidemiological studies.
Thesearch string wes

(blood OR plesma OR serum) AND (“risk
factors”[MeSH Terms] OR “relative risk*”
OR “odds ratio*” OR *hazard ratio*”) + CAS
number + [EC/RN number](“journal article[pt]
NOT review[pt] NOT “meta analysis”[pt])
(hasabstract[text] AND “humans”[MeSH

Terms]) english[lang] (neoplasms[mesh] OR
diabetes[mesh] OR “cardiovescular diseases”[mesh]

For retrieval of pathway hits, PubChem
identifiers for eech compound were searched
against the Biosystems databese. Chemical
similarity maps were generated using
MetaMapp (http://metamepp fiehnleb.ucdavis.
edu/homePae).

Statistical analysis. Differencesin median
blood concentrations across source categories
were evaluated with Kruskal-Wallis tests
via SAS for Windows (v.9.3) (SAS Institute
Inc., Cary, NC).

Results

Biood concentrations. Cumulative distribu-
tions of blood concentrations are shown in
Figure 2 for the four sources of chemicals.
Concentrations ranged from 160 fM to
140 mM, asteggering 11 orders of megnitude.
Within each category, concentrations cov-
ered a 107-fold range. Median blood levels
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of endogenous chemicals (0.94 uM), food
chemicals (1.00 uM), and drugs (0.30 uM)
were not significantly different (p = 0.246).
In contrast, pollutant concentrations were
1,000 times lower (median, 2.4 x 1074 uM,
p < 0.0001), and only pollutants with biood
levels ebove the median value overlapped with
other distributions.

Chemical-similarity maps. Endogenous
and dietary molecules comprised > 100
chemical classes, particularly lipids, steroids,
amino acids, fatty acids, and nucleotides (sse
Supplemental Material, Table S1). In addi-
tion to nutrients and vitamins, food chemi-
cals included such bioactive molecules as
aflatoxinB1 (a carcinogen from mold-infected
grains and nuts), solanidine (a toxin from
potatoes), sulforaphane (a DNA-protective
agent from cruciferous vegetables), acetalde-
hyde (a mutagen from metabolism of alcohol),
genistein (an endocrine-disrupting chemical
from soy products) and trimethylamine-N-
oxide (from metabolism of choline and
carnitine; a suspected cause of athercsclercsis).
Exogenous pollutants were primarily halo-
genated compounds—trihalomethanes,
chlorinated pesticides, perfluorinated com-
pounds, polychlorinated biphenyis (PCBs),
brominated dipheny! ethers, and some chlo-
rinated dioxins and furans—and metals, but
also included a few volatile aromatic species
(notably benzene) and metabolites of nicotine.
Thidiversity is illustrated in Figure 3A, which
maps the 1,561 chemicals by their structural
similarities (Barupal et al. 2012), with symbol
sizes indicating blood concentrations. Shown
in Figure 3A, constellations of biochemical
classes were populated largely by endogenous
and food chemicals, wherees drugs clustered
with aromatic compounds [between map loca-
tions AN (alkaloids) and BD (benzoic acids
and phenols)] and pollutants were mainly at
meap peripheries [e.g., locations AH (organo-
chiorine pesticides) and AX (PCBs)]. Metals
and metalloids originated from foods (six
most abundant: sodium, potassium, iron, cal-
cium, phosphorus, and magnesium), poliu-
tion (six most abundant: silicon, strontium,
nickel, lead, beryllium, and arsenic), and one
drug (lithium).

Becaus citations to risk factors summariz
epidemiological and clinical evidence associat-
ing a chemical with disease phenotypes, we
found PubMed citations for 960 searcheble
substances in our inventory (only chemicals
with CAS registry numbers were searchable
in PubMed), and obtained 19,656 citations
matching 336 (35%) of these chemicals.
(Numbers of matching citations are included
in Supplemental Material, Table S1.) Thelis -
tribution of citations per chemical wes highly
skewed, with a median value of 7.5 and a
maximum of 4,499 (cholesterol). The large
numbers of citations per chemical and positive
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Figure 3. Chemical-similarity maps of small molecules and metals in human blood (Tanimoto coefficientz0.7;
symbol color represents the source category).

(A) All chemicals (n = 1,561; symbol size reflects the blood/serum concentration). Map locations: AA,
leucotrienes; AB, perfluorinatedcompounds; AC, alkylamines; AD, pteridines; AE, pyrimidine nucleotides;
AF, aliphatic amino acids and derivatives; AG, sphingolipids; AH, organochlorine pesticides; Al, prenol lipids;
AJ, sulfur compounds; AK flavonoids;AL, pyrroles and indoles; AM, pyridines; AN, alkaloids; AO, benzoic
acids and phenols; AP, eicosanoids; AQ, fatty acids and fatty amines; AR, steroids; AS, organic acids; AT,
monosaccharides; AU, phosphates; AV, alcohols; AW, fatty acid esters and conjugates; AX, polychlorinated
biphenyls; AY, simple aromatics; AZ, chlorinated dioxins and furans; BA, sulfates and nitrites/nitrates; BB,
purine nucleotides; BC, aromatic amino acids and derivatives; BD, benzoic acids and phenols.

(B) Matching chemicals from (A) cited in studies of chronic-disease risks (n =336, symbol size reflectsthe
number of citations). Map locations: 1, selenium; 2, nitric oxide; 3, folic acid; 4, vitamin B12; 5, metformin;
6, cotinine; 7, lead; 8, bilirubin; 9, atorvastatin; 10, ascorbic acid; 11, thyroxine; 12, norepinephrine; 13, aspirin;
14, eicosapentaenoic acid; 15, magnesium; 16, calcium; 17, sodium; 18, uric acid; 19, creatinine; 20, I-arginine;
21, homocysteine; 22, I-methionine; 23, 1-valine; 24, 3-carotene; 25, vitamin A, 26, vitamin D3; 27, choles-
terol; 28, simvastatin; 29, aldosterone; 30, cortisol; 31, testosterone; 32, malondialdehyde; 33, d-glucose;
34, estradiol; 35, PCBs; 36, ethanol.

(C) Matching chemicals from (A) having human metabolic pathways (n = 658; symbol size reflectsthe number
of pathways). Map locations: 1, adenosine triphosphate; 2, hydrogen peroxide; 3, adenosine diphosphate; 4,
guanosine diphosphate; 5, guanosine triphosphate; 6, NADPH, 7, cyclic AMP; 8, adenosine monophosphate;
9, NADH; 10, NAD; 11, FAD; 12, manganese; 13, sodium; 14, calcium; 15, Zinc; 16, magnesium; 17, potassium,
18, norepinephrine; 19, epinephrine; 20, 1-phenylalanine; 21, I-tyrosine; 22, dopamine; 23, palmitic acid;
24, cholesteroal; 25, I-glutamic acid; 26, adenine; 27, 1-aspartic acid; 28, oxoglutaric acid; 29, pyruvic acid;
30, phosphate; 31, pyrophosphate; 32, formic acid; 33, uridine 5'-monophosphate; 34, uridine 5'-diphosphate;
35, I-arginine; 36, I-alanine; 37, I-cysteine; 38, I-serine; 39, arachodonic acid; 40, a-linolenic acid.
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skewness probably reflectpublication bias in
hypothesis-driven epidemiological studies
and clinical trials. Median numbers of cita-
tions varied 2-fold across source categories
(drugs, 10; endogenous, 6; food chemicals, 13;
pollutants, 6; p = 0.041). When food chemi-
cals were removed, median values for the other
categories were not significantly different
(p = 0.307). Thigndicates that a typical food
chemical weas about twice as likely to be cited
&6 a chronic-diseese-risk factor than a chemical
from another category.

The chemical-similarity map for these
336 chemicals is shown in Figure 3B, where
symbol size reflectsthe number of citations.
This map shared prominent clustering pat-
terns with Figure 3A, except that individual
lipid molecules were largely absent (lipids
tend to be reported as classes rather than
discrete molecules in clinical and epidemio-
logical studies) and maost endogenous mol-
ecules with large blood concentrations had
few PubMed citations. Several highly cited
chemicals are familiar biomarkers of human
diseeses and causal exposures: for example,
cholesterol (n= 4,449, cardiovescular diseese),
folic acid (n = 595, cancer and neural-tube
defects), lead (n = 65, cardiovescular and
neurological disesses), and cotinine (n = 78,
smoking-related diseases), along with vita-
mins, hormones, and antioxidants. Aspirin
wes the most-cited drug (n = 515), followed
by atorvestatin (n= 206).

Sequencing the human genome motivated
mapping of G-centric molecular pathways at
multiple levels and made metabolites with
annotated pathways desirable targets for sys-
tems biology (Chen et al. 2012). In match-
ing records retrieved from the Biosystems
databese for chemicals in our inventory, at
least one human metabolic pathway had
been reported for 658 of them (42%). (The
numbers of pathways reported are included
in Supplemental Material, Table S1.) Median
numbers of pathways varied 6-fold across
sources, with pollutants being significantly
understudied (drugs, 4; endogenous, 6; food
chemicals, 4; pollutants, 1; p < 0.0001). The
chemical-similarity mep of these 658 chemi-
cals is shown in Figure 3C, with symbol size
representing the number of pathways. The
largest numbers of pathways corresponded to
purine-nucleotide phosphates (maximum of
707 for adencsine triphosphate), amino ecids
and derivatives, fatty acids, and dietary metals.
In contrast to prominent disease-risk cita-
tions that were distributed more or less evenly
across source categories (Figure 3B), chemicals
with many pathways were overwhelmingly
endogenous molecules and essential nutrients
(Figure 3C).

Because the sets of PubMed and Bicsysterms
hits were not completely overlapping, we
repeated the analysis of source categories

772

for the 267 chemicals that had at least one
disesse-risk citation and at least one human
metabolic pathway. Results from this subset
of chemicals were essentially the same as for
the complete data sets. Median numbers of
PubMed hits varied 2.4-fold across source cate-
gories (drugs, 7; endogenous, 7; food chemi-
cals, 17; poliutants, 9; p=0.0261) but did not
differsignificantlywhen food chemicals were
removed (p = 0.4135). In contrast, median
numbers of human metabolic pathways var-
ied 12-fold across source categories, and were
much smaller for drugs and pollutants than
for endogenous and food chemicals (drugs, 4;
endogenous, 11.5; food chemicals, 12;
poliutants, 1; p<0.0001).

Discussion

Discovering causes of disease. Data summa-
rized in Figure 1 suggest that only about half
of the current burden of chronic diseeses can
be attributed to known exposures and thus
motivate more thorough scrutiny of the expo-
somre to find unknown causes. This will be
challenging because of the remarkable ranges
of human exposures across sources and chemni-
cal clesses that are displayed in Figures 2
and 3. Such extreme variation suggests
that knowledge-driven studies are ill suited
for discovering unknown causes of chronic
diseeses. There are simply too many diverse
chemicals covering too great a concentration
range to formulate reasonable hypotheses.
We should narrow the list of chemical candi-
dates by using EWAS to finddiscriminating
expaosures in bicspecimens from dissesed and
healthy subjects (Holmes et al. 2008; Patel
et al. 2010; Rappaport 2012; Ritchie et al.
2010; Wang Z et al. 2011), essentially fol-
lowing the same strategy as GWAS. Once
identified,these chemicals can be targeted to
investigate sources, causality, dissese mecha-
nisms, and interventions (Rappaport 2012).
A good example of this two-stage strategy
wes provided by Hazen and coworkers, who
linked risks of cardiovascular diseese with
blood concentrations of trimethylamine-N-
oxide, a metabolite of choline and carnitine
derived from microbial/human metabolism
(Koethet al. 2013; Tang et al. 2013; Wang Z
etal. 2011).

Optimally, EWAS would employ untar-
geted methods to compare blood exposomes
between cases and controls nested in cohort
studies. Although untargeted high-resolution
mess spectrometry (MS) can detect > 30,000
features of small molecules in human serum
(lvanisevic et al. 2013), use of untargeted
platforms in our laboratories cannot reli-
ably measure blood concentrations less than
approximately 0.1 uM in 50 pL of serum.
Given the extraordinary dynamic range of
small molecules and metals (Figure 2),
untargeted analyses may miss about 90%

of pollutants and 30% of endogenous and
food chemicals, including hormones (e.g.,
estradiol, testosterone), carcinogens (e.g.,
aflatoxin B1, benzene), and endocrine dis-
ruptors [e.g., genistein, PCBs, DDE (1,1-bis-
(4-chlorophenyl)-2,2-dichloroethene)]. Thus,
although increased sensitivity can be antici-
pated with untargeted MS, EWAS currently
require a combination of untargeted (Holmes
et al. 2008; Rifchieet al. 2010; Wang Z et al.
2011) and semitargeted (Patel et al. 2010)
methods to quantify exposures. [n addition,
as for the Human Genome Project (National
Human Genome Research Institute 2013),
different laboratories could address specific
parts of the exposome in a complementary
and colleborative way.

Magnitudes of exposures. Ranges of
blood concentrations varied greatly within
and between sources of exposure as shown
in Figure 2. Although we had anticipated
that endogenous and food chemicals would
have similar blood levels, we were surprised to
observe the near-perfect overlep of concentra-
tions of these chemicals with those of drugs.
Such similar cumulative distributions sug-
gest that blood concentrations of endogenous
human metabolites and food chemicals are
in the therapeutic range of pharmacologic
agents. We were also somewhat surprised to
observe that blood concentrations of pollut-
ants were 1,000 times lower than those of
chemicals from other categories. Such dis-
parate blood levels across exposure sources
awaken arguments by Ames and colleagues
that natural toxins and protective chemicals
are consumed in much greater quantities than
synthetic chemicals and, therefore, should be
considered when assessing diseese risks (Ames
1983; Ameset al. 1987, 1990a, 1990b). This
further empheasizes the importance of EWAS
for interrogating all chemicals that can cause
chronic diseeses.

Epidemiology and systems biology.
Weighting chemicals by blood concentrations
(Figure 3A), epidemiological (risk factor) cita-
tions (Figure 3B), or human metabolic path-
ways (Figure 3C) altered the appearances of
chemical-similarity maps. Epidemiological
citations downgraded the importance of
endogenous molecules while upgrading pol-
lutants and drugs, but weighting by num-
bers of metabolic pathways had the opposite
effect. These markedly different maps were
unanticipated because it is generally thought
that epidemiology and systems biology work
hand in glove to elucidate causes and mecha-
nisms of diseese (Nicholson et al. 2012b).

Epidemiologistsare interested in causes
of diseese, including genetic factors (G) and
exposures (E) related to metabolism, diet, pol-
lution, infections, lifestyles, and behaviors.
When they have used blood concentrations
o quantify chemical exposures from G, E,
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and G x E, epidemiologists have sucoessfully

and exogenous chemicals (Figures 1 and 3B).
We assumed that chemicals that had been
repeatedly associated with chronic diseases
(Figure 3B) would be logical candidates for
exploration of metabolic pathways. However,
because only 29% of the chemicals in our
database with three or more PubMed risk-
fector citations also had a Biosysterms hit (ie,
189/658), this wes apparently not the case.

Systems biologists focus on metabolic
pathways that are under homeostatic control
and, therefore, presume a G-centric hier-
archy that culminates in the endogenous
metabolome (Nicholson et al. 2012b). From
the systems-biology perspective, the most
meaningful metabolites are those that partici-
pate in many pathways (Loscalzo et al. 2007),
and Figure 3C points to products of energy
metabolism and essential nutrients as filling
that role. If such molecules can be linked to
diseese, then their concentrations can promote
early diagnosis and treatment even if causal E
and G x E factors are unknown. For example,
high concentrations of branched-chain amino
acids (leucine, isoleucine, and valine) predict
incipient diabetes and offeravenues for treat -
ment (Newgard 2012; Wang TJ et al. 2011).
However, the poor track record of GWAS in
explaining the variation of chronic diseases
suggests that systems biologists who look only
at endogenous metabolites (i.e., molecules
produced under human genomic control) will
miss opportunities to discover causal path-
ways. Indeed, of the 41,000 small molecules
currently thought to populate the human
body (Wishart et al. 2013), only 2,626 (6.4%)
(Recon X 2013) are products of endogenous
human metabolism.

Thenicrabiame. \When considering G and
G x E effects,it is important to remember that
90% of the approximately 10" cells in the
human body actually reside in the gut micro-
biota (Savege 1977). Thisuper organism con-
tributes ~ 500,000 microbial protein-coding
genes (Qin et al. 2010) compared with a
human complerment of ~ 20,000 protein-cod-
ing genes. Thushuman bio specimens contain
a plethora of bioactive molecules generated
from microbial metebolism (Nicholson et al.
2012a) in addition to chemicals introduced
by the diet, drugs, infectious organisms, pol-
lution, and lifestyle factors (Nicholson and
Wilson 2003; Rappaport and Smith 2010).
Chemicals produced by the microbiota con-
trol development and maintenance of the
human immune system as well as important
cell-signaling processes (Nicholson et al.
2012a) and appear to be intimately involved
in development of chronic disseses (Blumberg
and Powrie 2012; Haiser and Turnbaugh
2012). Although ressarch involving microbial
contributions to the human exposome is in

its infancy, it should expand dramatically as
the important roles played by the microbiota
are recognized in diseese etiology (Koeth et al.
2013; Ridaura et al. 2013; Tang et al. 2013;
Wang Z et al. 2011).

Internal and external measures of
exposure. To discover unknown exposures
that cause disease, we advocate data-driven
EWAS that profilechemicals in blood from
diseeee cases and controls (Rappaport 2012).
Internal measures of exposure, such as the
blood exposome, offeradvantages for EWAS
because they represent all sources of chemi-
cals, including those generated inside the
body, and blood specimensare often archived
in prospective cohort studies (Rappaport and
Smith 2010). As EWAS discover new diseese
associations, knowledge-driven studies will be
needed to curate exposure sources and quan-
tify exposure—response relationships—thereby
strengthening causal inferences—and to sug-
gest interventions (Rappaport 2012). To the
extent that important exposures originate
outside the body, this follow-up will involve
exposure scientists, industrial hygienists,
food scientists, and analytical chemists who
messure chemicals in air, water, and food, as
well as biologists who evaluate mechanisms of
action (Lioy and Rappaport 2011; Rappaport
2011; Scalbert et al. 2014; Wild 2012). Thus,
the process of identifying causal exposures
can require messurements of chemicals both
inside and outside the body across a diverse
scientific milieu.

Limitations. Because we relied on pub-
lically accessible data, our findingsand their
interpretation are conditioned by the chemi-
cals compiled by the HMDB and NHANES
and by publications and metabolic path-
ways curated through the National Center
for Biotechnology Information. Maost of the
1,561 chemicals we investigated in human
blood were derived from foods and endog-
enous prooesses because these are major foci
of the HMDB. Most of the pollutants in our
databese were reported by NHANES. Yet, we
exclued a roughly equal number of other pol-
jutants in NHANES because they were not
detected in most blood samples (CDC 2009,
2012, 2013). If nondetects from NHANES
had been included, the shift toward lower
blood concentrations of pollutants relative to
chemicals from other sources would have been
even greater. We also recogniz that some of
our data could be biased. For example, using
PubMed citations to assess diseese associations
of particular exposures can introduce biases
related to prior publications and to ressarch
priorities for different diseases, numbers of
investigators, journals, and so on. As noted
previously, the Biosystems databese of human
metabolic pathways reflects apparent biases
favoring chemicals that are involved in many
pathways regardless of diseese associations.
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Finally, we were unable to investigate possible
effectsof chemical interactionson diseese risks.
Despite these limitations, the vast diversity
and concentration ranges of blood chemicals
should be apparent, as should differences in
median blood concentrations observed across
source categories (Figures 2 and 3).

Conclusions

Thextreme complexity and dynamic range
of the blood exposome (Figures 2 and 3)
should motivate data-driven studies to dis-
cover unknown causes of chronic diseases,
regardless of their exogenous and endoge-
nous origins (Rappaport 2012). Candidate
exposures can be identified by EWAS that
compare omic profilesin biood from diseesed
and healthy subjects.

Thepparent disconnect between chemical-
specific dissase risks (Figure 3B) and human
metabolic pathways (Figure 3C) indicates that
systems biologists are only marginally engaged
in elucidating causal disease pathways. We
promote a more global approach to systems
biology (Nicholson and Wilson 2003) that
expands beyond the endogenous metabolome
to the blood exposome, illustrated here by a
large sample of circulating smell molecules and
inarganic species.

Perhaps the most compelling resson for
embracing the blood exposome is the potentiel
fo discover all chemicals that cause diseese and
then to intervene in order to modify expo-
sures and the concomitant burden of diseese
(Christiani 2011). The current inventory of
small molecules and metals associated with
chronic diseeses consists of about 300 chemi-
cals that have been targeted repeatedly in epi-
demiological and clinical studies (Figure 3B).
With recognition of their health significance,
these chemicals have been routinely moni-
tored for clinical interventions (e.g., choles-
terol, folic acid, vitamins) and as regulated
pollutants (e.g., leed, arsenic, benzene, PCBs).
Yet, further scrutiny of these recognized health
hazards adds little to our understanding of
disease causation. If we expect to reduce the
burden of chronic diseesss, it is time to find
the undiscovered health-impairing and health-
promoting chemicals to which humans are
exposed (Figure 1), not only small molecules
and metals but also proteins and foreign
DNAand RNA.

RefeRences

Ames BN. 1983. Dietary carcinogens and anticarcinogens.
Oxygen radicals and degenerative diseases. Science
221:1256-1264.

Ames BN, Magaw R, Gold LS. 1987. Ranking possible carcino-
genic hazards. Science 236:271-280.

Ames BN, Profet M, Gold LS. 1990a. Dietary pesticides (99.99%
alf natural). Proc Natl Acad Sci USA 8T 7777-7781.

Ames BN, Profet M, Gold LS. 1930b. Nature’s chemicals and syn-
thetic chemicals: comparative toxicology. Proc Natl Acad
SciUSA87:7782-7786.

Barupal DK, Haldiya PK, Wohigemuth G, Kind T, Kothari SL,

773

\

//722
_

EPA-HQ-2018-0008760045996



%

Rappaport et al.

Pinkerton KE, et al. 2012. Metamapp: mapping and
visualizing metabolomic data by integrating information from
biochemical pathways and chemical and mass spectral
similarity. BMC Bioinformatics 1399, doi-10.1186/1471-2105-
13-90.

Blumberg R, Powrie F. 2012 Microbiota, disease, and back to
health: a metastable journey. Sci Transt Med 4:137rv137,
doir10.1126/scitransimed 3004184.

Brodsky IE, Medzhitov R 2009. Targeting of immune signalling
networks by bacterial pathogens. NatCell Biol 11:521-526.

CDC (Centers for Disease Control and Prevention). 2009. Fourth
National Report on Human Exposure to Environmentat
Chemicals. Atlanta, GACDC. Available: http/Awww .cdc.gov/
exposurereport/pdf/fourthreport pdf faccessed 26 May 2013].

CDC (Centers for Disease Control and Prevention). 2012. Second
National Report on Biochemical Indicators of Diet and
Nutrition in the U.S. Population. Atlanta, GA.CDC Avaitable:
http://www cdc.gov/nutritionreport/pdf/Nutrition_Book_
complete508_final pdf faccessed 26 May 2013).

CDC (Centers for Disease Control and Prevention). 2013. Fourth
national report on human exposure to environmentatl
chemicals, updated tables. Atlanta, GA.CDC. Available:
http://www cdc.gov/exposurereport/pdf/FourthReport_
UpdatedTables_Sep2012 pdf [accessed 26 May 2013}.

Chen R, Mias Gl, Li-Pook-Than J, Jiang L, Lam HY, Miriami E,
et al. 2012. Personal omics profiling reveals dynamic
molecular and medical phenotypes. Cell 148:1293-1307.

Christiani DC. 2011. Combating environmental causes of cancer.
NEngt J Med 364791-793.

Ezzati M, Riboli E. 2013. Behavioral and dietary risk factors for
noncommunicable diseases. N Engt J Med 369:954-964.

Galvan A, loannidis JP, Dragani TA. 2010. Beyond genome-
wide association studies: genetic heterogeneity and indi-
vidual predisposition to cancer. Trends Genet 26:132-141.

Gluckman PD, Hanson MA, Cooper C, Thornburg KL. 2008.
Effect of in utero and early-life conditions on adult health
and disease. N Engl J Med 35861-73.

Gluckman PD, Hanson MA, Mitchell MD. 2010. Developmental
origins of health and disease: reducing the burden of
chronic disease in the next generation. Genome Med 2.14;
doi:10.1186/gm135.

Goldstein DB. 2009. Common genetic variation and human
traits. N Engl J Med 360.1696-1698.

Haiser HJ, Turnbaugh PJ. 2012. is it time for a metagenomic
basis of therapeutics? Science 336:1253-1255.

Hemminki K, Lorenzo Bermejo J, Forsti A. 2006. The balance
between heritable and environmental aetiology of human
disease. NatRev Genet 7:958-965.

Holmes E, Loo RL, Stamier J, Bictash M, Yap IK, Chan Q, et al.
2008. Human metabolic phenotype diversity and its associa-
tion with diet and blood pressure. Nature 453.396-400.

Ivanisevic J, Zhu ZJ, Plate L, TautenhahnR Chen S, O'Brien PJ,
etal 2013. Toward ‘omic scale metabolite profiling: a
dual separation-mass spectrometry approach for cover-
age of lipid and central carbon metabolism. Anal Chem
85:6876-6884.

Koeth RA, Wang Z, Levison BS, Buffa JA, Org E, Sheehy BT,
etal. 2013. Intestinal microbicta metabolism of (-carnitine,
anutrient in red meat, promotes atherosclerosis. Nat Med
19:576-585.

Kraft P, Hunter DJ. 2008. Genetic risk prediction—are we there
vet? N Engt J Med 360:1701-1703.

tichtenstein P, Holm NV, Verkasalo PK, lliadou A, Kaprio J,
Koskenvuo M, et al. 2000. Environmental and heritable
factors in the causation of cancer—analyses of cohorts of
twins from Sweden, Denmark, and Finland. NEngt J Med
343.78-85.

Liebler DC. 2008. Protein damage by reactive electrophites:
targets and consequences. Chem Res Toxicol 21:117-128.

Lim 8S, Vos T, Flaxman AD, Danaei G, Shibuya K, Adair-
Rohani H, etal. 2012. A comparative risk assessment of
burden of disease and injury attributable to 67 risk factors
and risk factor clusters in 21 regions, 19902010 a system-
atic analysis for the Global Burden of Disease Study 2010.
Lancet 380:2224-2260.

tioy PJ, Rappaport SM. 2011. Exposure science and the
exposome: an opportunity for coherence in the
environmental health sciences {Editorial]. Environ Health
Perspect 119:A466-A467; doi-10.1289%/ehp.1104387.

Loscaizo J, Kohane |, Barabasi AL. 2007. Human disease
classification in the postgenomic era: a complex systems
approach to human pathobiology. Mol Syst Biol 3:124;
doi:10.1038/msb4100163.

tozanoR Naghavi M, Foreman K, Lim S, Shibuya K, Aboyans V,
etal. 2012 Global and regional mortality from 235 causes
of death for 20 age groups in 1990 and 2010 a systematic
analysis for the Global Burden of Disease Study 2010.
Lancet 380:2095-2128.

Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA,
Hunter DJ, etal. 2009. Finding the missing heritability of
complex diseases. Nature 461.747-753.

Martin L, Chang HY. 2012. Uncovering the role of genomic “dark
matter” in human disease. J Clin Invest 122:1588-1595.
Melhem N, Devlin B. 2010. Shedding new tlight on genetic dark

matter. Genome Med 279; doi:10.1186/gm200.

Menon S, Manning BD. 2013. Cell signaliing: nutrient sensing
lostin cancer. Nature 498:444-445.

Nationat Human GenomeResearch Institute. 2013. All About the
Human Genome Project. Available: http://www.genome.
gov/10001772 faccessed 26 June 2014].

Newgard CB. 2012. Interplay between lipids and branched-
chain amino acids in development of insulin resistance.
Cell Metab 15:606-614.

Nicholson JK, Holmes E, Kinross J, BurcelinR Gibson G, Jia W,
etal. 2012a. Host-gut microbiota metabolic interactions.
Science 336:1262-1267.

Nicholson JK, Holmes E, Kinross JM, Darzi AW, Takats Z,
tindon JC. 2012b. Metabolic phenotyping in clinical and
surgical environments. Nature 491:384-392.

Nicholson JK, Wilson ID. 2003. Opinion: Understanding ‘global’
systems biology: metabonomics and the continuum of
metabolism. Nat Rev Drug Discov 2668-676.

Patel CJ, Bhattacharya J, Butte Ad. 2010. An environment-wide
association study (EWAS) on type 2 diabetes mellitus. PLoS
One 5:210746; doi:10.1371/journal pone 0010746.

Preininger M, Arafat D, Kim J, Nath AP, Idaghdour Y,
BrighamKL, etal. 2013, Blood-informative transcripts define
nine common axes of peripheral blood gene expression.
PLoS Genet 921003362, doi-10.1371/journal. pgen. 1003362

Qin J, LiR Raes J, Arumugam M, Burgdorf KS, Manichanh C,
etal. 2010. A human gut microbial gene catalogue estab-
lished by metagenomic sequencing. Nature 464:59-65.

RappaportSM. 2011. Implications of the exposome for exposure
science. J Expo Sci Environ Epidemiol 21:5-9.

Rappaport SM. 2012. Biomarkers intersect with the exposome.
Biomarkers 17:483-489.

Rappaport SM, Smith MT. 2010. Environment and disease risks.
Science 330460-461.

ReconX. 2013. Reconstruction of the Human Genome. Available:
http://fhumanmetabolism.org/?page_id=7 [accessed
23 August 2013},

Ridaura VK, Faith JJ, Rey FE, Cheng J, Duncan AE, Kau AL, et al.
2013. Gut microbiota from twins discordant for obesity
modulate metabolism in mice. Science 341:1241214;
doi10.1126/science. 1241214

Ritchie SA, Ahiahonu PW, Jayasinghe D, Heath D, Liu J,
tuY, etal. 2010. Reduced levels of hydroxylated,
polyunsaturatedultra fong-chain fatty acids in the serumof
colorectal cancer patients: implications for early screening
and detection. BMC Med 8:13; doi:10.1186/1741-7015-8-13.

Savage DC. 1977. Micraobial ecology of the gastrointestinal
tract. AnnuRev Microbiol 31:107-133.

Scalbert A, Brennan L, Manach C, Andres-Lacueva C,
Dragsted LO, Draper J, etal. 2014. The food metabolome:
a window over dietary exposure. Am J Clin Nutr
99(6).1286-1308.

Smith ZD, Meissner A. 2013. DNA methylation: roles in mamma-
lian development. Nat Rev Genet 14:204-220.

Tang WH, Wang Z, Levison BS, Koeth RA, Britt EB, Fu X et al.
2013. Intestinal microbial metabolism of phosphatidyicholine
and cardiovascular risk. NEngt J Med 368.1575-1584.

Wang TJ, Larson MG, Vasan RS, Cheng S, Rhee EP, McCabe E,
etal. 2011. Metabolite profilesand the risk of developing
diabetes. Nat Med 17:448-453.

Wang Z, Klipfelt E, Bennett BJ, Koeth R, Levison BS, Dugar B,
etal. 2011. Gut flora metabolism of phosphatidyicholine
promotes cardiovascular disease. Nature 472.57-63.

Wild CP. 2005. Complementing the genome with an “exposome”:
the outstanding challenge of environmental exposure
measurement in molecular epidemiology [Editorial]. Cancer
Epidemiol Biomarkers Prev 14:1847-1850.

Wild CP. 2012. The exposome: from concept to utility. Int J
Epidemiol 41:24-32.

Wishart DS, Jewison T, Guo AC, Wilson M, Knox C, Liu Y, etal.
2013. HMDB 3.0—the Human Metabolome Database in
2013. Nucleic Acids Res 41:D801-D807.

774

volume 1221 number 8| August 2014 - Environmental Health Perspectives

EPA-HQ-2018-0008760045997



	Page 1
	Page 2
	Page 3
	Page 4
	Page 5
	Page 6

